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Abstract

Although there is an increasing demand for capturing various natural motions, collecting climbing motion data is difficult due
to technical complexities, related to obscured markers. Additionally, scanning climbing structures and preparing diverse routes
further complicate the collection of necessary data. To tackle this challenge, this paper proposes a climbing motion synthesis
using reinforcement learning. The method comprises two learning stages. Firstly, the hanging policy is trained to grasp holds in
a natural posture. Once the policy is obtained, it is used to extract the positions of the holds, postures, and gripping states, thus
forming a dataset of favorable initial poses. Subsequently, the climbing policy is trained to execute actual climbing maneuvers
using this initial state dataset. The climbing policy allows the character to move to the target location using limbs more evenly
in a natural posture. Experiments have shown that the proposed method can effectively explore the space of good postures for
climbing and use limbs more evenly. Experimental results demonstrate the effectiveness of the proposed method in exploring

optimal climbing postures and promoting balanced limb utilization.
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Stage 1 - Hanging Expert Stage 2 - Climbing Expert
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Figure 1: The system comprises two stages of training. During the first stage, it learns to hang in natural poses and collects the initial
states using the acquired policy. In the second stage, it learns a climbing policy using the collected initial state dataset.
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(a) Climb-Up

(d) Complex Movement

Figure 4: Trajectories obtained from the learned climbing expert model.
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(c) Ours

Figure 5: Ablation Results. The lights attached to the body indicate whether the body is actually anchored. Green : anchored, Yellow :
released.

Success Rate
Without ISC 0.89
Without grab reward 0.90
Ours 0.96

Table 1: Comparison of success rate in our method without initial
states collection and without grab reward.

Figure 6: Examples of learning outcomes of the hang expert model.
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